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MATHEM/VriCAL MODELS 
IN SCIENCE-^UCATION RESEARCH 



^ ■ , • ' . . ) 



A Rationale for Mathematical Models 

'^in Science Education ' " * 

• For a number of years science educators* including Watson (1), Tyler 
(2), Pella (3), ffurd (4),' Glass (5) and Novak (6) ^haye advocated the 
development of theoretical bases for research in science* education, ^How- 
ever, literatj^e revlewg, (Novak, Kir^& Tamii; [7*j ; Jphnson, Currati & Cox 

Vo^lker [9]) support the contentljOn that research on science conc^t 
learning suffers from a lack of tinder lying^models* And mote recently, 
Boyen (10) has discussed the need for a paradigm. iif science education r^- 
search* While major research effarts in science education have* focused on 
.the cognitive domain, . pj:ogre\s has been relatively slow in ^he development 
of theoretical models vhich^ give power tio individual studies and tl|^ groups 
of studies* Ati- improved cOnceptualizatipn of the domain of science educa- 
tion acKl the cognitive ^bs^t of that domain is needed. Voelker (9) has 
stated that research in science education would, be ,en]:|anced if studies 
tested the application of, a specific theory tp a specific science .concept 
learning situation. , • 

The authors b^liieve thkt mathematical models' of concept learning have 



tfhe potential to ^provide meaningful theoreticaj. bases *f or research in 
science) education and tliat science educators generally should be informed 
regarding their research ijnplications. Mathematical models are examples 
of Nagel's (-11) "theory in the second sense'*; the fundamental assumptions 
being considered are descriptive laws "or generalizations presented in a 
lhathemapticai manner. Mathematical^ models are primarily formulations of ' 
fundamental assumptions under idealized iton'ditiorm. Such models are .still 
relatively new^in behavioral and social science research and are even less evidefit 
in cbntentporary educational research. In psychological tesearch, however, 
mathematical modeling has bejen used to compare certain hypotheses such as 
all-or-none learning and incremen-tal learning. Snow (1^) has written that 

mathematical models are extremely powerful tools, not only ^or system^tiz- 
ing research *on individual theoretical formulations but also for controlling 
comparisons between competing formulations [p. 96]." j 
' . R^searclj^n mathematical models attempts to mainta^in the specificity 
and simplicity of the models themselves, while aspiring to a degree of 
generality that is necessary to any useful mojiel ^of learning behavior* 
Atkinson (13) stated' that over time mathematical modeling must develop 

' ' the kind of engineering knowledge that^will enable investigators ^ 
to select situational variations^and rules pf cchrrespondence 
that are simplified and yet^rel^vant both to.the mdd^l and to , " 
the behavior it 'attempts to predict. It isfi[sfie'cially * true of 
research on 'dath^matical models that such relatively minor sitVi-- 



ational and ex^)*erimental .variations as the location a^d ascribed 

• . J . . . 

significance of stimuli, responses, and reinforcing events must 
' be considered in detail <[ p , 162j . . , 



Ji major; limitation of mathematical models in science education research 
may well be that the general^ principles develojied by studying a phenomenon 
in its most^ 'simplified form might prove ,to be, considerably more complex 

in application.^ Even when the model is correct, and all the Variables ane 

/ , ' ' ' . • - ' » , ' 

<i, - • - 

known', prediction of the course of actual events ^ay be very different . 

% 

due to the enormous number of interacting variables. Mathematical models 
do enable researchers to examine behavior in fine detail; anal^'sis shifts 
from^testing null hypotheses toward testing formal predictions by 
^"goodnes^ of fit'' techniques. . ' ' * 

Empirical Studies Concerning Concept Learning: ^ 

• ^n Historical Perspectl^ve ^ ' . 

> • ■ • ■ . • ' • i - . 

Early in this century, serioue etforts were made to move away fro» a» ' 
priori do'gma in e4ucationai practice to a naly .sirs^f emf)irical data. Dur- 
ing this time psychologists, following the Ifead of people liKe Ed^rd L. 
Tho"rndike, began to apply' a broad range of . r&suXt^ from psychological re- 
se'arch to problems of ^classroo'm learning. -However, the movei|ient toward 
scientific ope rationalism has not been constant and unchallenged: negative 
reactions to achievement testi^xg by tUe use of standardized instruments and 
to "objectivity" were particularly apparent after World War II. Currently 
'there is a movement^for greater fl^exibility in ^difcational evali*a1tion 
which is less limited to superficial notions of "hard data" (lA). * 

However, over the paS't two' decades there has continued to be a growing 
etuphasis , in educational research upon objective data,' sta^tistical analysis 
and application. Many empirical studies, sometimes of extellent design 



an^execution, .have been -co^^ucted t 



/ 

o evaluat^e the Learning of students 
and the effectiveness of particular method^ of instruction. ' In the late 



from eif- 



nineteen-f if ties mathematical dodel^of learning were developed 
pirj.cal studies. Researchers developcTd these. models in attempts to quan- 
♦titatively describe specific kinds of learning, llathematical models were 
generally developed cautiously without sweeping claims that they were ade- 
quate for air kinds of learning. ' . 

* One of the*, major criticisms, of the research was that learning theorists 
have ignored the prescriptive aspects o-f instruction. Oh the other hand, 
Atkinson (15) has stated that "the danger lies ±n that if the surge, in 
this direction goes too far, we will et^d up with a massive spt of prescript 
tiv^ rules and no theoiiy to integrate them." Critics have 'also* argued th^t 
.the analysis *of learning in idealized laboratory environments should be 

.redirected and should be studied In |:eal-life situations,. There are re- 
search studies, however, .that appear to bridge this gap. Suppes (16, 17, 
18), Suppes and Rosenthal-Hill' (19), Atkinson (13), Atkinson and Paulson 
^(20), and Treagust (21)*, for example, have utilized, mathematical models of* 
learning that have not been restricted to simple tasks in the learning lab- 
oratory. These models *ave been applied directly t^'^the learning of 'subject 

, matter ranging from concepts in elementary mathematics -to a second language 
at the college level. < • ' ^ 

Mathematical flodels* for Optimizing 
> ' Ifi§tjuctional Strategies 



In recent ^ears, Atkinspn (20, 22, 23) "and Suppes ' (24, '15, 26) have 



instruction (CAI). Two primary factors have facilitated' these develop- 



*dei^eXopeti some theoretical CQiitribut'ions to systems of computer-cassis ted* 

Lcl 

mentg. First, the dr^iDatip. growth of computer tedhnology has provided' a 

new instructional inediym having, the potential to facilitate individualized 

instruction, Siecond, computers have assisted in the formulation of matji- 

« ' ♦ -■ • • 

ematical models learning and instruction. ^ - . • . » 

'''',( * ^ , 

A major focus o| th'e research effort of Atkinson and Suppes has been - - 
i , 

the development and itesting of instructional strategies, expresse*d as 

-mathematical models^ -i^T simple learning processes such as initial reading 

and elementary math^smatics. Optimization models, comprisihg an important . 
. ' ' ' . \ ^ - . . 

class of mathematical models,* prescribe the secjuence' of instructional 

events which will produce optigial learning for individual studeutsi' within 

certain ^boundary ct)pditions.. Optimization models are dif ficul^to 'investi- 

gate in a rigorous way for complex learning but af^ suitable for fairly^"*^^ . 

simple learning tasks. Optimization models are not concerned witb^ow well 

data from subjects on a conceptual task compare with dat^from^the mathe- • 

matical model of the underlying conceptual process*. Rather, the models 

are aimed at finding a strategy whiqh 16a'ds to the b^s\ optimizing procedu^^ 
^ ' ' #- 

for learning. Optimization of relatively simple learning processes has • 

/■ ' * * * . 

-been studied by comparing three models: the incremental model, the all-oi'-npne 
model, ^ and the random-trial increments model*. 

In the incremental model , the sjate of ^ the learner with respect to each 
concept is determined by the number of times the conce^pt to be learne<f has 
been Studied. At the statt of the experiment, a concept has some iryitial 
probability of error; each time the concept is presented its error Probability 
is -reduced by a factor a, which is less thin one. Stated a*s a mathematical 



equation,^ the probability ofian error on the u + 1st .presentation of a 
concept to be leanied^s related to its probability og the nth/presenta- 
tlon in the following way: * ' 

• ^^^^ * * ^ . ' 

Thus the -error probability (q) for p gi,ven concept depend^ on thtj number 

of tiipes it has been reduced by. the factor a; that^is,*' th^ number # t^mcs 

J' " ' ' ^ • • ' , .'^ ' ' " . 

it has been presented* Learning is t]ie gradual reduction in the probabil- ^ 

ij^^at error by repeated presentations of conceptSs^to be learned. Th|s is 

- \ ' - ' . ^ • ' 

represented 'diagrammatical ly in Figure 1. ' ^ . . / . 



Insefrt Figure 1 about here* * 



• In the all-or-none ^model » mai&tery of, a concept is ^ot- gradual. At. " * ^« ^ 
any point in time, a^tudent is either in the learned .state or the unlearned 
state with iresp'ect to the c6nq^t to be learned. ' When' a except is presented, 
an incorrect^r^€ppnse is^^-ven when the subject is in the'^nlearned state\ 
unless the ffirb^ect makes a correct 'response by guesQinj^. ^, When an unlafarned 
cohcept is presented, the sbbje^ may move into the^^arned st|te with prpb-* 
ability c. This probability doies ,not change untift the concept moves into 
the learned state. Stated as a mathematical equation: 



Vi 



'■q (=1) , with probability 1-c 

n " 



^0. , with p^b^ility , ' - , g 

Here the error probability in the learned state is 0, the ^rroi; probability 
in the unlearned' state ie 1. Once- a concept is learned, It remain^ in^ the 
learned state* throughout the course M instruction. Som^ donc^i^ts are 
1-earned th^ first time they are presented, others, may hf dre&ented several.* 



times before they are 'flna'lly/ le)nnied. JTherefore the list as a vhole is' *^ ' 
leanled grad^ally^ byt" fot-^jQT pky^icular presentation pf a concept to^ be. * 
learned^ the transition, fro» the iinlearned to the learned state opciurs. in * T 
a single trial, This, ii^^r^^rj^^iftted' diagrdmuatitall^' \yx Figure 2,^- . 



nsert Figure 2 abou;^ here'f 



The random-trial inc'fements model is a compromise betweem cfie increm^'* 
ental.anH all-or-rlone tho^els, (27), For this model, the feiathematicfil i;equrf- ' 
tion stated as: ' ' 4 " 

• -^'^qT'^"^^ witi^ probability 1-c 



, with probability^ c 

where cTis the probability that*some event, that pVoduces leariling occurs* 
on ^y trial n and a ie the reduction factor' relating to !the number of . 
pre8em:atiQns *of the concept- \ ^ * • * ^ . 

If \y the -randoja-trial ind^ements, model re<Jyces*'to *the incremental 
model; if *a «= 0, ^t reduces to the all-or-none model- However, for c< 1/ 
^nd a>0,.the random^trlal increments model generates predictions that ate, 
quite distinct; from both the incremental and the'^ll-or^none models. 

Optimal strategies were developed f of thm incremental model and ,for 

\ • ^ , ' ^ 

.the ail-or-none model with the assumption that each concept to be learned 

' • / 

-had the same learning parameters and iftitial errpr probabilities- With 

• • . , - . 

th6 incremental model, the reduction in ei^ripr probability on each trial was 
used to dfeduc-^ the optimal strategy' for .presentatipn of items t.o be learned. 
It involves presenting all ltem§ once, Randomly reordering^^themi 'and re- 
peatin^ the "procedure until either the time allocated for inat rue tion. has 



•been' exhausted or the task, has .been^le)^rned^^%/ith the all-or-none model,' 
onpe a concept h^s be^en learned there is ho further reason to present It. - 
Since ^all ^unlearned items are equally" likely to be learned if pre^nted, 
the pptiy^l 4>resentatlon strategy selects the Item lea^t likely to be in 
the learned state fpr' presentation. If the last .t:esponse v^s inccrrfect, 
the item was certainly in the unleamed^taCe at Chat time*. If' the last 
.response was correct, then, it is more likeiy tl^t the ^conQ^pt was in the * 
learned s.t ate . In general, the more correct -responses that have been made 
since the last error on the concept, the more likely it is that the cK)ncept 
was in the learned state. The situation is moje comple3t in the random- trial- 



increments modfel/^ \ ' , - . - , > 

y'^f ' . , . . V • 

^ Charft and Atkinson. C23) described a number ©f researchers who were 

♦interested in the application of these thifee ^timization techniques to; 

models of learning' an^ instru^ion. Atlcinson '(22) descr*ibed a CAI program 

designed for spelling lessons in the"^pV^nary .grades . This , application' bf 

CAI involved a»regular program of practice and review designed to complement 

• . • - * 

teaching by the classroom teacher. In another experiment, Atkinson and 
Paulson (2Q) described optiiiiizat4,on strategies for an instructional program . 
to tfeach 300 Swahili vocabulary items to college-level students. The objec- 
tive qf h6tit CAI .programs was* to teach students the correc^ responses to 
each item in a g^iven list. - ^ " ^ 

Atkinson's (22) experiment coinpared. the incremental model and the all- 
Qr-none model. Data from this expeariment indicated tAat the all-or-none 
strategy' was more efficient than the incremental .model at a level predicted^ 
by the theorjr, and was far better than strategies that presented tY\e items 
to be Xeamed ±t^ a predetermined manner. Atkinson and Paulson (20) compared 



the j^ll-or-none and the- random-trial increments models for presentation 

procedures. Results indicated that the random-trial* increments model was 

more sensitive '^than the' all-or-non& strategy in identifying and p?esenting 
♦ 

those items thg;t would benefit most from additional study. In ather words, 
the random-trial increments model provided a better optimizat^Ton procedure 
for learning" in that study. According to Atkinson (22): 

. . . the development of effective optimization strategies and 
viable theories of learning will be an interactive enterprise*, 
with advances in each area influencing the concepts and data 
tase of the other. Jor too lohg psychologists studying teafning 
have shown little interest in' instructional prol^lems, whereas' 

f 

^ educators have made only primitive and superficial applications 

• of theory [p. 59A]. " ■ 

Using thes^ research methods to examine the learning of selected science 
concepts may well facilitate the development of one kind of theoretical 
•basis for research in science edifcation. ^ - 

. c ■ • .. - 

The Application of tiathematical Models 
in Concept Learning 

Psychological research involving concept learning consists of both 
concept formation and concept identification. Whiie some authorsjclaim 
tfe^s distinction is d^Lfficult to draw or^that tbCidistinction is semantic, 
othei: authors define concept formation as the. ii^entive act by whifch cate- 
gories are constructed and define concept identification as the search^for 
attributes or rules that distinguish examples from non-examples in the category 



" lb 



• 10 



one seeks to dl^s^rimlnate (28-31).. In fcoiicept identification tasks it is 
assumed that a subject ^ready ^i^s vhatv the' given concept ^eans; his ^ ^ 
4p oily task is to discover ^he defining ^ittributes or rules of the concept 
In order to prediittr^he^^er or notT a presentation belongs in that category. 
Since much of science ciiassri)<^ learTiingji2 within .the realm of concept 

^ ^ \ 

Identification (foV exacqjle, identifying faima •and flora using taxonomic 

kejrs* or deciding which laws apply in solving a physical problem), a mo'r^ 

tllSrou§h investigation jof the nature of matheiaat^al models of concept- 
^ . • . • » 

identi-f ication and their applications would appear to, be appropriate rec / 

' - ■ I' ■ . , - -. 

search' i^ science eduqatipn. \ ^ 

In this regard Treagust and Luijetta* (32) -designed^a study to examine 
the application of a mathematical learniixg theory to a' four-category sci- 
ence problem consisting x^f identification qf broadleaf *^trees . It was 
hyppthesi2;ed that this inquiry might , lead to the development 6^ajiiodel 
that will facilitate understanding of concept learning and in^ruction> in 
Science education. The. model under inves^tigation d^lM Appear to be general- 
Izable to* science st^imuli' inhere the dimensions of the concepts had a binary'' 
nature. ... 

A variety of • mbdels^ h^ve been proposed to explain the major phenomena^ 
that have been, observed in two-category concept identification re^e^ch^ 
studies within the psychology, laboratory. Early studies evaluated whether 



these learning processes wefe all-or-rione or incremental; in the all-or^none 
model ther^ is no improvenfe^ before the' subject, learns, whe^K^as in 'the 
incremental model the performance of a subject imjproves 6tep by st^p^ith 



practice. The results, pf a wide variety of concept learning experiments 
(reported by Suppes an5 Rosenthal-Hill [19 j) generally concluded- that an 



all-or-none Aodel provided a fitst ';^proximatioij to respc^se data, but 
that a more complex model was needed to go beyond the first approximation. 



Bourne atid Dominowski^(33) reported that the 'first 'concept identifi- 
^cation tasks, where subjects selected from a pool of rules and/or attri- 
butes that were possible contenders for solving the conceptual problem, 

«• r 

* I • » • 

were cfeveloped by Bnxner. Other researchers have developed moxe elaborat^"^ 
hypothesis formation^ and select^ton* strategy theories in two-^tegory cOn- 




-cept' identification tasks, and have also developed npthematical jnodels in** 
an attiempt. to fofmulate their * findings . Mathematical models were Initially 
d^veloped^ for sii^le leamiqg situations with animals arid ^were applied to 
human concept learning tasks later with considerable caution. Caution is 
essential since human learning is so much more complex; hence, workable # 
models will also be relatively complex. , ' • ' 



Three Mathematical Models for E-esearch 
in the Learning of Science Concepts 



Three such systems have been developed for th« representation of 
human concept learning by mathematical models: ^ , 

4> 1) ^an informatiom^rocessing approach Utilizing computer simulation, 
r 2) a stochastic approach utilizing Markov chains, and- 

3) an information theory approach. ^ 
(1) The information processing model is explicitly designed' for com-"* 
puter simulation. An informatfon processing system (IPS) constats of a 
memory containing symbols and mechanisms for receiving, prganizitig • 
and interpreting stimuli and feedback from the environment* A computer i^ 



IV . / 



a familiar exan^le of an IPS, and In tiils approach^ to concept learning, , 
hximail^ thinking Is also an IPS^. Computer programs can be wrltt^ to perforrc 
tasks which In humans ' require thinking and le)amlng^ The model can be 

tested by comparing the "learning** of the computer progr^ with that of fhe 

^< • ^ ' ! 

subject when both ar« performing the same learning task/ *If the com|)Uter/ 

\ " ' . ' 

Foutput and subject's learning strategy do not compare well^, other procedures 

» 

can be Incorporated Ifito the Information processing model to Improve the 



goodness of fit the mo 



^'al^i.^ 



j- 

of ana Info 



Another example of aij Information processing approach Is the Wisconsin 



* 1 4 - . 

model of concept learning and' development Initially formulated by Klausmeier* 
(as reported Kerllnger^ an<J Carroll [3A]). It defines four levels of con- 
Qept attainment, outHne^the possible uses and extensions of attained 
concepts, specifies tjte cognitive operations Involved in learning c^oncepts 
^at each of tke four Iwels and postulates internal and extq^nal condltfons 
of learning related to the specific levels. , The I'^vels 'of concept Mastery, 
the operatloris, and the conditions of^le^ming havfc*been identified through 
b,ehavlorai^ anaYyses of concept-learning tasks and through empirical research 
in jlabotatory ^nd school settings. The Wisconsin model is concerned with 

system of concepts and relajted experimentation involving subjects ranging 

. > . -I 

r in age- from about three y^ars to young adults* The model describes different 
leveljs of attainment of ^the same concept and specifies the operations essen- 
tlal to at(taining concepts at sticc,essivel;^ higher levels. * t 

(2) The s^chastic model involves a random process^hat is observed 
repeatedly;\the probability of the qutcomes may be different from o;Ae trial 
to the' next. One of the b^sic assumptions of the stochastic model* of concept 
learning is -that m^n^^ '^^^it^ive pi^cess^s operate as a|j aptJroxlmate ergodic 



• source (i.e.*, the -e^ect of one cognitive process on another Is lii&it^d to 

a cettain finite ma^'iftum that- can be as^rtained a6 In the cdinpletii^ of an ' 
' insomplete sentence) using a stochastic process and Markoyian chain reason- 

• ing*' The probability of identifying concepts depends directly on what has * 
. happened" be foi;e. Concept identification is* indirectly related to trials 

or time. 'In the simplest c'aSe the probability distribution on trial jin ' ' 

depends only on the outjeome of trial n~l: this protfuces %a finite Markov 

. ' I 

chain.* Gr^eno »(35) cliiias that nbrmal human behavlfor treated as' a* sequence 
.of behaviors is .Matkovian^. although' fchlfe is a, subtlV consideration, it Has- ^ »^ ^ 
maj^r importance t6 the research of learning behavi^ors. ' 

The idea of "finite chains in learning psychology has had at least 

* ' • . ' i * 

thxefi effects. 1) The use of Markov,^ hain,s w^th few states to represent 
\ ' ^ . ^ ^ .T- . = ; . , , y * ' 

learning .has encoulraged t*he, development of ideas about lemming processes 

.involving vepy^ small ch^ges in a- ieajrrief *s €tdte of know].edge. 2) Finite 

• fiarkov chains have^ provided the basis of a^i'vigorous mephodology for inves- 
tigating stages in the pr5cess of' lieaming.^ ^y>notlng ""the pattern of change 
ii:i the parMieters of a Markov mode],, the investigator" can maKe relatively. 

"Strong inferences aboi^tythe-nat^ure of* the psychological processes involved 
in l^rning. 3) It i^' convenient to represent ^ ^complex ptocess a6 .a 
homogeneous 'collect'Tbn of elemental^ prqcesses^v In th^la manner . f inite Ma^rkov 

~ chains have been applied Buccea'sf ully to the^ theory of jiroblem so!|.vine^ 

' ' * * ' • r ' ' ( ' ' ' ^ ^ 

efe^ecially concept identif^ication, researchers sucH^as Bower*, Restle," 

Sup^fes and Trabastfo.® , , * 

An example -of '*the'stoi:hastic approacl} isUBower and Trabrti^so's -model , ^ 

, which postulates two concurrent processes durli^ concept identification,* 

namely a jBelection of 'stipiulus ditpensilfns and a ie^fning^frocese by wlilch - 



responses ar^ assigned to the valuer of a selected stimulus dimensiqn; - 
**B6th 'processes are assumed t9 6e all-of-none. Bower and Trabasso's model 
has bfeen supported by data in a series of experiments, Init^lally i^ situ- 
AtioAS in^jolving 'Simple concepts with a single* relevant djmehsion and 
^ later lA the learning of concept problems with^ two relevant dimensions 

^(21, 36, 37, 38). , - , . ^ ^ * 

* ' : ' 

<3) The third system td represent concept learning, the Infc^rmation 

^ % 

^ theory model proposed by Moser and -hi^ associates (39, , draws on » 
the early work^f ghannpn, Broadbent an4 oth^ 'information theorists. Moser 
has incorporated additional theorems and* algorithms t^ describe'how human 

* memory operates fo^ processing' i-hformation in t^e acts of learning or cog- 
. nition. The basi^ concepts of^ the model are that ,cogni"tive behavior is . 

^^^^^^^^rkovian and that the huin^n memory opejrates' in •a logarit;nmic fashion to 
receive, output and store information. • ^ 

' Moser reports severaJ|l experiments where students' behavior in the^ 
science* classroom was quantitatively recorded. .For example, Faxio (as ^ 
reported in Moser [39]) investigated^ the structuredness (which relates , 
to the influence of complexity of form) of the overt concrete «problem- 
'Sblving behavior of college isttidents working on three related electric cir- 
?Uit tasks. It was hypothesized that laming woulld be greater with more ^ 



8,tructured output ' The restilts of this efcpetiment (and othets) agreed with 



the prediction of ^hfe* information-theory model. ■ In another fetucjy, Dunlop 

' i ■ ' 

as reporteii in-^oser [40]) looked for behavior 'changes in 'ttf teen-ye^r-old 

youths resulting froln instruction in a classif icat;ion task. Dunlop* con- 
cluded that abstrapt and concrete kinds of perceptual tafeks are pr^ci^sseJ 



, in different ways by groups of childrqp who are at formal and concrete 



iron who are at formal and concrete 

T ■ - ' 



operational levels of development respectively. ^ . ' * 

The. difficulty with co^uter ^simulation ntodels Is that a human subject 
is not easily describable as an infirmatlcTn processing system. Yet, computer 
simulation models are more convinciijg than Markov models in that, although 
existing mociels arf imperfect, their ultimate aim appears to be' the 

simulaticJn of ^.psychological reality. A case^Jiky point is Simon's (41), attempt 

. ^ ' - - ' . * t 

tor provide a morfe concise definition of Piaget's notion of "operational 

structures" lisinj an information processing approach, .^imon conj^cturfes 

that an objective referent for "operational^ stru^^^ures" yil]^ consist of;some 

of the general features of the means^that children in a given society "learn 

to use for- storing information. DaCa from infjortnation pi;ocessin^ programs 

for human "intellectual processes indicate that some memory structures and ^ 

associated processes are 'relevant to Piaget's abroach to intellectual. 

developmejit^. . 

The incorporation of memories into the pool of hypotheses, the incr^as^ 
irigl'y detailed level which data are identified, and the more complex 
language in which, models are formulated brings the most recent stochastiic 
conce{)rt learning) studies close to the computer simul^^fcn ^approaches' Both 
approaches appear to aim ultimately at~drawing inferences about psychological 
processes from fine-grain' data. 



■c ■ ■ . . ^ . • 

Summary, * 

) * , 

This paper has reviewed some research in both educational and 
psychoiogical fields to discuss the relevance and Application of 



mathematical models coticept learning to the field of science edusatlon. 

' • ' - 

.Most of- the research oA -cbncejpt learning. has' been conducted within tlie*" 

N • 

idealized psycholi^y lar^oratory, though there is considerable evidence 
that such research has pote^ntial application in science education* While 
many ^eience educators strongly support such lines of research, little,, 
reQ.ed.rch has been dc\ne in science educat;lou involving .matnematical models 
of concept learning ^^^^jBSiis problem may be tfue, in part, to a lack o^ 



awc^l^tije 



^ss of the relevrfR^ p^fyohological work that this ^aper ha^ 



reviewed • 



The areas of research covered include: 



i) an historical perspective of empir^al studies concerning concept 



.learning; 



2) mathematical-models for optimizing instructional strategies; 

3J concept learning and the development of mathematical models r.elisA 

( 

vant to research in science edux:at^.on. ' 
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